Residential energy consumption accounts for the majority of building energy consumption. Physical factors and technological developments to address this problem have been researched continuously. However, physical improvements have limitations, and there is a paradigm shift towards energy research based on occupant behavior. Furthermore, the rapid increase in the number of single-person households around the world is decreasing residential energy efficiency, which is an urgent problem that needs to be solved. This study prepared a large dataset for analysis based on the Korean Time Use Survey (KTUS), which provides behavioral data for actual occupants of single-person households, and energy usage pattern (EUP) types that were derived through K-modes clustering. The characteristics and energy consumption of each type of household were analyzed, and their relationships were examined. Finally, an EUP-type predictive model, with a prediction rate of 95.0%, was implemented by training a support vector machine, and an energy consumption information model based on a Gaussian process regression was provided. The results of this study provide useful basic data for future research on energy consumption based on the behaviors of occupants, and the method proposed in this study will also be applicable to other regions.
Introduction
Approximately 40% of global energy is consumed in buildings, and residences account for approximately 3/4 of the total energy consumption in buildings [1] . Energy consumption in residences is expected to continuously increase until 2040 [2] ; consequently, active research is being conducted on energy savings in residences [3] [4] [5] . Since energy consumption in the residential sector accounts for a large part of total energy consumption, energy saved in this sector through continuous research and technological development will have a positive impact on the reduction of total energy consumption and greenhouse gases.
To examine the research trends related to residential energy, the paradigm is shifting toward an emphasis on the behaviors of occupants, as well as the physical and environmental factors that affect energy consumption [6] [7] [8] [9] . The behaviors of occupants are considered an important factor that affects residential energy consumption since, given identical physical and environmental situations, energy consumption may still differ depending on the behaviors of occupants. Previous studies have indicated that occupants behaviors are a major factor in energy consumption, and have therefore predicted energy consumption based on these behaviors. However, researchers are facing difficulties in data collection due to privacy issues [10] .
The recent increase in single-person households due to demographic changes is becoming an issue in various fields of research, and residential energy researchers are also paying attention to this. Yu et al. [11] investigated future scenarios of energy consumption through demographic changes, and anticipated that the increase in single-person households would increase energy consumption and carbon emissions, arguing that energy consumption measures must consider these factors. In South Korea, which is the target region of this study, single-person families have steadily increased since 1975. According to the Population and Housing Census [12] , which was conducted in 2015, single-person households account for 27.2% of all households, emerging as the main household type in South Korea.
According to a study on single-person households and residential energy, the increase in single-person households has decreased the total energy consumption per household but doubled the power consumption of residential energy. This is due to the fact that even with only one occupant, energy consumption efficiency decreases with the use of basic household appliances [13] . Thus, energy experts are pointing out the problems with the increasing number of single-person households, and the need for countermeasures. Previous studies found that energy research, based on the behaviors of occupants, was necessary to effectively reduce energy consumption in residences. In particular, they observed demographic changes from the global trend of increasing single-person households and recognized the importance of, and the need for, research into energy consumption in single-person households.
Therefore, this study derives types of "energy usage patterns" (EUPs) using K-modes clustering for single-person households in South Korea. In addition, energy consumption data were extracted from EnergyPlus based on the behaviors of occupants, and three types of energy consumption data (total energy, cooling, and heating) were provided for each EUP type using a Gaussian process regression, in order to improve the use of this studies results. Finally, based on the results of a support vector machine (SVM), a model for predicting EUP types was implemented via household characteristics and living patterns.
Materials and Methods
In Section 2, we describe the overall research process, the data, and methods used for the purposes of the research. Figure 1 shows the research process for creating a model to predict EUP types with energy consumption information, according to the behaviors of single-person households in South Korea. •
Research Process
Step 1: Build 5193 EUP datasets by redefining 5193 "Korean Time Use Survey (KTUS)" data points [14] through codes related to energy consumption.
•
Step 2: Derive EUP types by performing K-modes clustering analysis with the EUP dataset built in Step 1.
Step 3: Create 5193 "occupant schedules" to become inputs into EnergyPlus using the EUP dataset built in Step 1. Implement representative residential environments of Korean singleperson households, and extract 5193 points of "energy consumption data" based on occupant behaviors through energy simulation.
Step 4: Provide an "Energy Consumption Information" model for three items (total, cooling, and heating) for each type through a Gaussian process with the EUP types and energy consumption data, which are the results of Steps 2 and 3, as input.
Step 5: Train the SVM model to predict EUP types through 5193 occupant features and EUPs, and verify the suitability of the model through the test process of the trained predictive model.
Generating EUP Datasets from the Korean Time Use Survey
The purpose of the KTUS is to determine the lifestyles of Koreans for 24 h and provide basic data for policy formulation and academic research in the sectors of labor, welfare, culture, transportation, etc. [15] . The KTUS is performed every five years in 800 regions in South Korea. The survey data Research process for predicting energy usage pattern types with energy consumption information.
•
Step 3: Create 5193 "occupant schedules" to become inputs into EnergyPlus using the EUP dataset built in Step 1. Implement representative residential environments of Korean single-person households, and extract 5193 points of "energy consumption data" based on occupant behaviors through energy simulation.
Generating EUP Datasets from the Korean Time Use Survey
The purpose of the KTUS is to determine the lifestyles of Koreans for 24 h and provide basic data for policy formulation and academic research in the sectors of labor, welfare, culture, transportation, Sustainability 2019, 11, 245 4 of 24 etc. [15] . The KTUS is performed every five years in 800 regions in South Korea. The survey data largely consist of three parts: Residences, residents, and time logs. This allows us to understand basic information and living patterns of the residents. The time logs are created for 144 times slots that divide 24 h into 10-min units based on the actual living pattern of residents. The behaviors and places of the residents in each time slot are recorded as codes. The behavior classification codes consist of nine major categories, 42 middle categories, and 138 subcategories. These data allowed us to find out the detailed behaviors of residents. Furthermore, it includes the residents' location information, which allowed us to find out what the residents did at specific locations in their residences. We obtained the KTUS data through the Microdata Integrated Service (MDIS) [14] .
In the KTUS data for 2014, which was obtained through the MDIS in this study, 5240 pieces of data were collected that satisfied the conditions of urban residents, with household members 10 years or older in single-person households. Among them, 5193 KTUS data points were used for this study, excluding 47 data points in which the residents were not in their residences for 24 h.
First, to perform the K-modes clustering and EnergyPlus analysis based on the KTUS data, the 138 pieces of behavior classification data were redefined as codes related to energy consumption, as shown in Figure 2 .
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To complement the limitations of the existing K-means clustering, Huang [19] proposed K-modes clustering. K-modes clustering is applicable to data formats consisting of categorical variables rather than numerical variables. Categorical variables refer to data that cannot be expressed by numbers, such as men and women. These data only provide information but cannot express quantities such as numbers.
K-modes clustering is composed of a distance function for measuring the distance between objects, and a cost function for optimized analysis. These functions are explained in detail below.
D is a set of objects X, which consist of nominal variables. The number of X's is n, and
Z is a set of k cluster centers, and
The equation for obtaining the distance between the center of cluster C l , Z l = [z l,1 , z l,2 , . . . , z l,m ], and the object X i = [x i,1 , x i,2 , . . . , x i,m ] through the distance function is as follows:
where d x i,j , z l,j is a function for measuring the distance between Z l and X i , and calculates the distance between two objects by comparing the jth variables. The distance between each object X and the cluster center Z is calculated through Equation (1) , and the model is optimized in such a way that the result value of Equation (2) is minimized:
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is an n × k matrix consisting of 0 and 1. u i,l = 1 indicates that object X i is assigned to the closest cluster C l . To optimize the model, the cluster center is reset, and this is repeated until the minimum value of the cost function P(U, Z) is obtained. Then, the analysis is stopped, and the result of the cluster analysis is derived.
This study aims to derive EUP types using K-modes clustering, which consists of the following process. First, a dataset for 144 time slots for 5193 objects was prepared through the EUP codes defined in Section 2.2 ( Table 2 ). The analysis environment was built through the K-modes clustering algorithm suggested by Huang [19] using Python 3.6. Table 2 . EUP dataset format for K-modes clustering.
Household
No.
Time
Step 1 (00:00-00:10) 
Next, the analysis for each k was performed 1000 times to derive the minimum of the cost function, and find the optimized k. The K-modes clustering analysis and the method of finding the optimized k is as follows:
Select k random cluster centers.
2.
Calculate the distance between each object and cluster center, and allocate each object to the closest cluster center. Allocate every object to clusters, and move the cluster center in the direction for which the distance between each object and cluster center becomes minimized.
3.
Compare the center of the moved cluster with the previous center. If the result is different, return to
Step 2 and repeat. The analysis is stopped if the same result value, when compared with the previous center, is generated.
Finally, to select the optimized k, k is found by drawing an elbow curve using the errors of the model for each k (Figure 3 ). In this study, k = 7 was found to be the most optimized model through visualization of the analysis results 6, 7, and 8, which had small variations in the error reduction in the elbow curve.
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EnergyPlus
EnergyPlus is a dynamic energy simulation based on the strengths of Building Loads Analysis and System Thermodynamics (BLAST) and DOE-2 in the U.S. in 1996 [20] . EnergyPlus can implement more concrete building materials and facility systems, and makes it easier to control facility systems than do other energy simulations [21] . Furthermore, EnergyPlus can consider the behaviors of occupants in the simulation. It is widely used in energy research that considers the behaviors of occupants. The use of applications, cooling and heating, and natural ventilation can be controlled in 1-min units according to the behavior of occupants, resulting in a simulation environment that is more similar to real-world situations. Therefore, in this study, 5193 energy consumption amounts were derived based on the occupant behavior through EnergyPlus.
The target building of this study is located in a residential area, and the inside of the building has a floor plan that is typical in South Korea. Hence, it can be regarded as a representative residence type for single-person households in South Korea (Figure 4 ). Happy houses are for households consisting of one or two persons, such as college students, newlyweds, and career starters. The construction of happy houses started in 2014, and the goal was to build 150,000 happy houses by 2017 [22] . For this study, we obtained the design drawings and energy savings plan for the "S Happy House" from the Korea Land and Housing Corporation (LH), which we used as the basic data for accurate energy simulation. S Happy House was a 41 m 2 unit on the fourth floor of a building in Seoul and was certified as Class 3 in the energy efficiency rating system, and can be used as a reference for energy consumption in future research. The fourth floor, which is the middle floor of the residential floors, was selected because the top and bottom floors are heavily influenced by the external environment [23] . 
The target building of this study is located in a residential area, and the inside of the building has a floor plan that is typical in South Korea. Hence, it can be regarded as a representative residence type for single-person households in South Korea (Figure 4 ). Happy houses are for households consisting of one or two persons, such as college students, newlyweds, and career starters. The construction of happy houses started in 2014, and the goal was to build 150,000 happy houses by 2017 [22] . For this study, we obtained the design drawings and energy savings plan for the "S Happy House" from the Korea Land and Housing Corporation (LH), which we used as the basic data for accurate energy simulation. S Happy House was a 41 m 2 unit on the fourth floor of a building in Seoul and was certified as Class 3 in the energy efficiency rating system, and can be used as a reference for energy consumption in future research. The fourth floor, which is the middle floor of the residential floors, was selected because the top and bottom floors are heavily influenced by the external environment [23] .
(a) The main inputs and settings for the EnergyPlus simulation are listed in Table 3 . The five main input items of EnergyPlus are the environment, building information, cooling and heating systems, applications, and occupant schedules.
1. The input data for "Environment" included the location, which was based on the latitude and longitude of the target site, Greenwich Mean Time, surrounding city environment, and weather data. This was the external environment information that affected the building energy. For weather data, which was not provided by EnergyPlus, the "Korea standard weather data" from Seoul were used [24] . 2. "Building Information" included a 3D model, material, and the composition of the simulation object. To build a simulation environment that was similar to the actual environment, we received the energy savings plan and drawings of the S Happy House from LH. 3. For the "Cooling and Heating System", a wall-mounted air conditioner and floor heating system were applied [25] . The cooling and heating temperatures for a comfortable indoor environment were set as 20 °C and 26 °C, respectively, by referring to the Certification Standard for Building Energy Efficiency Rating and Zero Energy Building [26] . Water was delivered from an external source, but hot water was heated through an individual boiler. 4. "Applications" include electric lights, refrigerator, TV, computer, washing machine, and gas range. For the power standards of these applications, the "Survey Of Household Appliance Penetration And Household Power Consumption" was referenced [16] . 5. "Occupant Schedules" corresponds to every schedule used for simulations based on the occupant's behaviors. In this study, 5193 data points obtained through the KTUS were used.
The physical elements such as the S Happy House and surrounding environment were constructed using SketchUp 2017, through the drawings received from LH. Furthermore, the framework of the cooling and heating systems structure was constructed by converting the three dimensional (3D) model with OpenStudio2.5.1. The Korean standard weather data for Seoul were converted to an epw file for weather data to input into EnergyPlus. Based on the EUPs derived in Section 2.2, 5193 occupant schedules were created.
As shown in Figure 5 , 5193 IDF files is the extension name for the EnergyPlus were created through the collected information, from which 5193 energy consumption data points were finally obtained through the EnergyPlus simulation. The main inputs and settings for the EnergyPlus simulation are listed in Table 3 . The five main input items of EnergyPlus are the environment, building information, cooling and heating systems, applications, and occupant schedules.
1.
The input data for "Environment" included the location, which was based on the latitude and longitude of the target site, Greenwich Mean Time, surrounding city environment, and weather data. This was the external environment information that affected the building energy. For weather data, which was not provided by EnergyPlus, the "Korea standard weather data" from Seoul were used [24] . 2.
"Building Information" included a 3D model, material, and the composition of the simulation object. To build a simulation environment that was similar to the actual environment, we received the energy savings plan and drawings of the S Happy House from LH. 3.
For the "Cooling and Heating System", a wall-mounted air conditioner and floor heating system were applied [25] . The cooling and heating temperatures for a comfortable indoor environment were set as 20 • C and 26 • C, respectively, by referring to the Certification Standard for Building Energy Efficiency Rating and Zero Energy Building [26] . Water was delivered from an external source, but hot water was heated through an individual boiler. 4.
"Applications" include electric lights, refrigerator, TV, computer, washing machine, and gas range. For the power standards of these applications, the "Survey Of Household Appliance Penetration And Household Power Consumption" was referenced [16] . 5.
"Occupant Schedules" corresponds to every schedule used for simulations based on the occupant's behaviors. In this study, 5193 data points obtained through the KTUS were used.
As shown in Figure 5 , 5193 IDF files is the extension name for the EnergyPlus were created through the collected information, from which 5193 energy consumption data points were finally obtained through the EnergyPlus simulation. Figure 5 . Process of deriving the 5193 energy consumption data points based on occupants' behaviors using EnergyPlus.
Gaussian Process Regression
Gaussian process regression (GPR) [27] is a black box model that can flexibly cope with nonlinear data using a Bayesian approach. It is appropriate for highly uncertain energy research because it can perform probabilistic prediction ( Figure 6 ) [28] . Research is being conducted to build energy-related models using GPR [29] [30] [31] [32] . In this study, an energy consumption information model was provided through GPR using the daily energy consumption data for 365 days according to each EUP type.
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When a training dataset is given, the post distribution of can be estimated through the Bayesian approach, which consists of a pre-distribution and a likelihood functions. The equation of the GPR model is composed of a mean function shown in Equation (5), and a covariance function shown in Equation (6) . Because the mean function has a value of zero, it can be expressed as Equation (7):
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Therefore, ( ) has a zero mean and follows the covariance function ( , ). The covariance function can be defined as various kernel functions, such as squared exponential, exponential, matern, rational quadratic, and automatic relevance determination. The most universal function is the squared exponential kernel (SE) function [33] , which is widely used in building energy prediction research [28, [34] [35] [36] [37] . In this study, the SE method was adopted, and the kernel function is expressed as Equation (8) . ( , ) is parameterized by the kernel parameter or hyper parameter , and ( , ) is dependent on the value. Therefore, it can be expressed as ( , | ). Here, denotes the signal standard deviation, and denotes the characteristic length scale: GPR is a linear regression model estimated from n training data {(x i , y i ); i = 1, 2, . . . n}, as shown in Equation (3) . When the mean is zero and the variance is σ 2 , ε is Gaussian noise, as shown in Equation (4) . β is a coefficient estimated from the data, and x T is expressed as an input vector:
When a training dataset is given, the post distribution of β can be estimated through the Bayesian approach, which consists of a pre-distribution and a likelihood functions. The equation of the GPR model is composed of a mean function shown in Equation (5), and a covariance function shown in Equation (6) . Because the mean function has a value of zero, it can be expressed as Equation (7):
Therefore, f (x) has a zero mean and follows the covariance function k(x, x ). The covariance function can be defined as various kernel functions, such as squared exponential, exponential, matern, rational quadratic, and automatic relevance determination. The most universal function is the squared exponential kernel (SE) function [33] , which is widely used in building energy prediction research [28, [34] [35] [36] [37] . In this study, the SE method was adopted, and the kernel function is expressed as Equation (8) . k(x, x ) is parameterized by the kernel parameter or hyper parameter θ, and k(x, x ) is dependent on the θ value. Therefore, it can be expressed as k(x, x |θ) . Here, σ f denotes the signal standard deviation, and σ l denotes the characteristic length scale: For the GPR tool, the statistics and machine learning toolbox of MATLAB R2018b were used. For the algorithm, Williams et al. [33] was referenced. For a detailed explanation of the equation, the MATLAB User's Guide [38] can be referenced. To predict the energy consumption by EUP type for 365 days in this study, three energy consumption information models were created for total energy, cooling, and heating for each type, with x as the date and y as the daily energy consumption data.
Methodology for Predicting EUP Types Used by the SVM
SVM is a model that can solve the classification and regression problems through supervised learning. The SVM model can effectively respond to various problems because it can be applied to linear and nonlinear problems [39] . The idea behind SVM is to create lines or hyperplanes that classify data into classes [40] . Therefore, it creates lines or hyperplanes that can distinguish different outputs (i.e., classes) by entering input x and output y data. SVM models include linear, quadratic, cubic, fine Gaussian, medium Gaussian, and coarse Gaussian SVMs, depending on the kernel function for implementing the lines or hyperplanes that distinguish classes (Table 4) . In this study, six SVM models were trained through the Classification Learner App of MATLAB R2018b, and the most appropriate SVM model was selected [38] . To train the SVM model, input data x and output data y are required. The x data provide information for predicting y, and consist of the factors affecting y. The y data are the results obtained from x, and y is the answer that we want to eventually obtain through the predictive model. In this study, x consisted of five occupant features and 144 EUP data points. Furthermore, the EUP types defined by K-modes clustering in Section 2.3.1 correspond to y. Occupant behavior varies by occupant features such as age, gender, income, working status, and care needs, which can lead to differences in EUP. Many studies have been conducted on occupant behavior and energy consumption according to occupant features [41] [42] [43] . In this study, a predictive model for the SVM EUP type was constructed using occupant features and EUP, and the dataset for this is shown in Table 5 .
Results and Discussion
As a result of the research, Section 3 has the following contents. Seven EUP types of single-person households have been derived in South Korea. In addition, we analyzed the differences in household characteristics and energy consumption of each type and constructed an energy information model through Gaussian process regression. Finally, we developed an EUP type predictive model with 95% accuracy through SVM.
Deriving the EUP Types and Analysis of Occupant Features through K-Modes Clustering
As a result of K-modes clustering with 5193 EUP data points using the method outlined in Section 2.3.1, seven EUP types of single-person household occupants were derived. The household characteristics of seven EUP types based on the analysis results can be seen in Figure 7 , which visualizes the energy consumption behavior probability of occupants by time slot for the seven EUP types, and in Table 6 , which outlines the five household characteristics used in the SVM.
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• Type 1 was a cluster that mainly consists of people aged 65 or older (51.7%) with low incomes. They were mainly involved in outside activities between 04:30 and 09:00, and in indoor activities in the residence at other times.
• Type 2 had the highest ratios of household members who are 65 or older (66.0%), female (68.8%), had monthly incomes less than 1 million won (75.8%), and had care needs (65.78%). They had almost no outside activities or hobbies. Their main space of activity was their residence.
• Type 3 had the highest ratio of economic activities (81.4%), and their daily work started in the afternoon, after 13:00. After their economic activities were finished in the late evening, they mainly slept in their residence between 04:00 and 13:00. Besides sleeping, their activities related to energy consumption were few, and their living patterns were irregular. • Type 4 spent a similar amount of time in the residence as Type 1. Their genders, monthly incomes, and jobs were similar, but their age was different. The time slot for the main outside activities of Type 4 was 18:00 to 22:30. They spent a high percentage of time in hobby activities in their residence.
• Type 5 had a sleeping time period similar to that of Type 3, but after sleeping they mainly spent time in their residence enjoying hobbies. They went out in the evening between 22:00 and 08:00.
• Type 6 had a high percentage of youth who were active in economic and outside activities, with the lowest ratio of people aged 65 or older (9.0%). Furthermore, they spent the shortest amount of time in their residences. The main activity in the residence was personal hygiene, and they had the least amount of time spent on other activities. • Type 7 comprised 2074 out of the 5193 data points. This seemed to be the living pattern type of general office workers. However, based on the percentage of those 65 years or older (45.4%) and without work (51.2%), this type also included people who spent their personal time mainly outside their residence, besides office workers. 
a. Comparison of Energy Consumption by EUP Type According to the Energy Simulation Results
A total of 5193 energy simulations were performed based on occupants through EnergyPlus. To compare the energy consumption among the seven EUP types, the data were expressed as boxplots, as shown in Figure 8 . The analysis was performed for five categories: Electric light, applications, cooling, heating, and total energy consumption for one year. Furthermore, to facilitate the comparison of energy consumption, a ranking list was prepared for each item, as shown in Table 7 .
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As shown in Table 7 , the annual total energy consumption was the highest for Type 2, followed by Type 1, Type 7, Type 4, Type 5, Type 6, and Type 3, respectively. Type 1 and Type 2 ranked highest for all five items. They seem to be largely affected by the occupancy time, need for a comfortable indoor environment, and personal life. For Type 2, the percentage of households that had care needs was 65.78%, and, since they had a high percentage of people staying at home, they had the highest energy consumption. Furthermore, Type 2 had the highest energy consumption, which was twice as high as that of Type 3, which had the lowest energy consumption in the same conditions (except for daily living pattern). Type 4, which had a similar occupancy time as Type 1, showed lower energy consumption in every item. The largest differences in household characteristics between the two types were age and occupancy time slot. Type 4, which had a high percentage of youth, mainly saw occupants spending time for sleeping, leisure, and personal management. Type 1, which had a high percentage of elders, had large energy consumption amounts for residential environment maintenance, such as food preparation and dishwashing. Even though their occupancy times were similar, the energy consumption patterns of the two types were different due to the differences in household characteristics and living patterns.
Furthermore, there were some cases in which the occupancy time was long, but the energy consumption was low. Type 4 had a longer occupancy time than did Type 7, but Type 7 had greater energy consumption in applications and heating. Type 7, which had similar household characteristics as Type 1, had high energy consumption for applications because their living pattern focused on maintaining their residential environment. In the case of heating energy, unlike Type 7, Type 4 household members stayed at home during the day when the outside temperature was higher in the winter, and because their time outside was short, they consumed less energy in returning the indoor temperature to a proper, comfortable temperature. However, in the summer, Type 4 members consumed higher cooling energy than did Type 7 due to the high outdoor temperatures during the day. It appears that Type 7 reduced energy consumption due to cooling energy by maintaining the indoor temperature at 26 • C or lower through natural ventilation during the evening. This was clearly seen through a comparison of Type 5 and Type 6, which had opposite time slots for staying at home, although their occupancy times were similar.
According to Fong et al. [44] , age and sex influence energy consumption, and the higher the percentages of elders and women, the higher the energy consumption was. The results of this study also suggest that age and sex have a large effect on energy consumption. Out of the seven types, Type 1, Type 2, and Type 7 had the highest percentages of people 65 years or older, and they correspond to 1st, 2nd, and 3rd for their annual total energy consumption, and all three types had the highest percentages of women. Next, Type 4 and Type 5, which ranked 4th and 5th, respectively, also had a higher percentage of women than men. Type 6 and Type 3, which ranked 6th and 7th, respectively, had a higher percentage of men. Therefore, these results suggest that age and sex can cause differences in lifestyles and energy consumption.
Income and work had an effect on occupancy time, and caused differences in energy consumption. Type 3, Type 5, and Type 6 had jobs, and the higher the income, the lower the energy consumption was. For Type 3 and Type 5, the percentage of people with jobs was 81.4% and 93.9%, respectively. According to a previous study on energy consumption based on income for Koreans, the higher the economic level, the lower the constraints for energy consumption and the higher the energy consumption to maintain the environment of residence [45, 46] . However, in this study, the higher the income, the lower the energy consumption was. This result seems to be because of the nature of single-person households; the more actively they are involved in economic activities, the higher their income, and the lower their occupancy time in the residence are.
b. Energy Consumption Information Model for Total Energy, Cooling, and Heating for Each Type Through Gaussian Process Regression To provide energy consumption data for each EUP type, GPR was performed, as described in Section 2.3.3, and the information model for total energy, cooling, and heating was created. The information model is composed of three elements. The total model ( Figure S1 ) can identify the overall energy consumption pattern. The cooling ( Figure S2 ) and heating ( Figure S3 ) models are most heavily influenced by the climate. To examine the energy consumption by period, the three information models are presented in the Appendix A [47] .
In the figures in the Appendix A, the blue dots indicate the actual data, and the red dots comprise the boundary representing a 99% confidence interval. A larger space between the top and bottom lines means greater diversity in energy consumption. The black solid line is the mean value where the largest amount of data is located. The top and bottom 99% prediction interval lines are drawn above and below this line.
c. Predictive Model of EUP Types Through Occupant Features and EUPs
The predictive model was evaluated through six SVMs, according to the kernel function types and options presented in Section 2.4. Each model was trained using 80% of the total data as the training data, and the model was evaluated with 20% data. As a result, the prediction rate of each model was as shown in Table 8 . Thus, Model 1.2 was most appropriate for predicting the EUP type. To examine the prediction performance of Model 1.2 in detail, a confusion matrix was drawn, as shown in Figure 9 . The probabilities that the EUP-type prediction model would accurately predict the type were generally high: 42%, 93%, 96%, 90%, 75%, 98%, and 97%, respectively, according to type. However, when we examined Type 1 and Type 5, which showed relatively low prediction rates, it seemed that they were not sufficiently trained because they had a smaller number of data points compared to other types. This issue could be improved if we were to acquire more data in the future. Therefore, the EUP-type prediction model with a prediction rate of 95.0% was implemented through SVM. The results of this study showed applicability of EUP prediction in other countries and regions. 
Conclusions
The residential sector accounts for 3/4 of the total building energy consumption. Research and development of technologies to reduce energy consumption in residences is being actively conducted. However, the improvement of physical elements in buildings has limitations for energy reduction purposes. The paradigm is shifting towards considering the behaviors of occupants, as a means of overcoming these limitations and to create sustainable energy savings in the residential sector. Although studies considering the behaviors of occupants have been conducted, there have been difficulties due to limitations in data collection and privacy issues. Furthermore, it is difficult to analyze the behaviors of occupants because of their inherent complexity. This study attempted to overcome this limitation through data mining.
This study prepared large datasets for analysis based on the KTUS, which provides behavior data of actual residential occupants. Furthermore, EUP types were derived through K-modes clustering, and the household characteristics and energy consumption of each type were analyzed. As a result of K-modes clustering, seven EUP types were derived. Comparisons of the five household characteristics and energy consumption among the types revealed that people aged 65 or older and females had higher amounts of energy consumption than other groups. Unlike the results of previous studies, we found that the higher the economic level of a resident, the lower the energy consumption was, because of their occupancy time and occupancy time slots. This can be considered a characteristic of single-person households. The energy consumption showed a two-fold difference depending on the EUP type. Finally, an EUP-type prediction model with a prediction rate of 95.0% was implemented by training an SVM, and an energy consumption information model provided through GPR.
The processes of deriving the EUP types based on actual behavior data, energy simulation, and implementation of the EUP-type prediction model and the energy consumption information model, can be used as basic research data in future studies based on the behaviors of occupants, and they can be applied to other regions. In addition, EnergyPlus, Openstudio, and Python used in this study are open-source software and can increase the usefulness of this study in the future.
The limitation of this study is that the energy consumption data were created through energy simulations. If this limitation can be overcome, the outputs of the obtained research, through the 
The limitation of this study is that the energy consumption data were created through energy simulations. If this limitation can be overcome, the outputs of the obtained research, through the process used in this study, can help prepare the framework for a building occupant energy management system in the coming era of smart buildings, which will lead to energy savings in the residential sector. There is also a limitation that the subject of this study is limited to single-person households. Recently, however, technology development and research on smart cities and buildings, enabling data collection, is in progress and a smart monitoring system for occupants will be available. Once the monitoring system is established, energy management will be possible considering the energy consumption patterns of occupants. The limitations could be overcome if later studies were conducted from data collection of Internet of Things (IoT) devices in multi-person households.
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